Studies of bibliographic data suggest a strong correlation between the growth of citation networks and their corresponding co-authorship networks. We explore the interdependence between evolving citation and co-authorship networks focused on the publications, by Indian authors, in American Physical Society journals between 1970 and 2013. We record interactions between each possible pair of authors in two ways: first, by tracing the change in citations they exchanged and, second, by tracing the shortest path between authors in the co-authorship network. We create these data for every year of the period of our analysis. We use probability methods to quantify the correlation between citations and shortest paths, and the effect on the dynamics of the citation-co-authorship system. We find that author pairs who have a co-authorship distance d ≤ 3 significantly affect each others citations, but that this effect falls off rapidly for longer distances in the co-authorship network. The exchange of citation between pairs with d = 1 exhibits a sudden increase at the time of first co-authorship events and decays thereafter, indicating an aging effect in collaboration. This suggests that the dynamics of the co-authorship network appear to be driving those of the citation network rather than vice versa. Moreover, the majority of citations received by most authors are due to reciprocal citations from current, or past, co-authors. We conclude that, in order to answer questions on nature and dynamics of scientific collaboration, it is necessary to study both co-authorship and citation network simultaneously.
I. INTRODUCTION
Development of scientific theories and technology is a result of continuous interaction, creation, and effective diffusion of ideas between researchers in the knowledge ecosystem. Digitization of publications and advancements in communication technology have made it easier for researchers to be aware of the existing knowledge capital and possible gaps in the field of study. This facilitation of the spread of scientific knowledge helps researchers to refine their own research methods and to contextualize their work within the domain. It also establishes an indirect interaction between individuals. One might not know a researcher personally but is still aware of her work through technical literature and can gain a sense of familiarity with it. Researchers attend gatherings and conferences to broaden their scope of a subject area and look for new ideas and open problems. Awareness to the state of the art and motivation to solve open problems often becomes a factor in setting up new collaborations between individuals.
Publication of scientific articles provides a narrow, but a well-quantified record of collaboration and exchange of technical information. Interactions between researchers can either be by citing one another or by co-authoring papers together, resulting in a complex system that is changing over time. With such a complex and dynamic system at hand, it is interesting to look for any possible underlying pattern hidden in interactions between researchers, and if these interactions have any mathematical structure. It is possible that such a structure can be used to explain the spread of knowledge and the growth of research fields.
Tools and methods developed within the framework of network science have proven to be very effective in addressing questions of such nature both quantitatively and qualitatively [1] [2] [3] . Effective treatment of complex systems by using networks and easy access to huge databases of publications have attracted a lot of attention in the last two decades. It has also lead to enormous research on structure and evolution of scientific collaboration [4, 5] .
Detailed publication records make it easier to create citation networks and co-authorship networks. While the former are directed networks where edges represent citations between nodes, the latter are undirected (either weighted or unweighted) networks where edges exist between two nodes sharing an authorship on a paper. Nodes in these networks can either be papers, authors, universities, and so on, depending on the research question of interest.
Individual relationships between authors have a great impact on interactions between institutions at meso-level, and countries at macro-level [5] , shaping the changing trend of collaboration. Over time, the pattern of collaboration has shown a shift from individual efforts to more cooperative research, increasing the productivity and diversity of scientific publications globally, and resulting in an increase of innovation in this century [4] . Coauthorship networks have been shown to exhibit smallworld characteristics and display high levels of clustering [6] . As the network grows and new authors appear, the network structure changes [7] [8] [9] . Growing networks also change authors topological position in the network structure, which is found to be directly related to one's productivity and popularity [1, 2, 6] . The mechanism for evolving co-authorship networks has shown to exhibit an underlying preferential attachment process [10, 11] . It is observed that the co-authorship network becomes more connected over time, indicating an increase in collaboration between authors. As a result, the average node distance in the network shrinks. Knowing the co-authorship network structure and its evolution also makes it possible to predict future links between authors by exploiting the changes in an author's neighborhood structure [7] . Studying co-authorship networks can explain the emergence of new research groups, the significance of some lead researchers, and how one's collaborators change over time.
Citation networks, on the other hand, indicate the patterns in generation and diffusion of ideas in the scientific community. Citations received by publications play a significant role in determining their impact as well as their authors' significance in the community [3] . Evolution of citing patterns can be correlated with the evolution of research fields [12, 13] . Since citation networks are directed, tree-like hierarchical structures form the backbone of citations. Patterns in citation dynamics have been extensively explored and modeled. The key feature in citation patterns is the presence of a delay before a paper receives initial citations. Citations acquired by a paper typically increase shortly after publication and reach a maximum within the first few years before decaying with time [14, 15] . Considering that the aging effect is important to quantify the probability of getting cited [16] or the strength of collaboration in citations and coauthorship networks respectively. The effect of aging can be accounted for in different ways. It can be a weighted measure on edges, that decays since the contributing authors last shared publication [17] proportional to the time difference between simultaneous participation [18] . Instead of decaying weights on the edges, adding an aging effect on nodes in the citation networks can also determine the changing probability of receiving citation [19] .
Co-authorship and citation networks together reflect the structure and growth of scientific collaboration. Every new publication results in co-authorship and citation events, therefore it is intuitive that both citation and co-authorship networks complement each other and should have a strong positive correlation in their respective evolution. Many studies addressed these networks and pointed out strong interdependent relations between evolving citations and associated co-authorship networks [8, [20] [21] [22] [23] [24] [25] . Network measures on time varying graphs for both citation and co-authorship networks exhibit codependence of these networks in citing patterns and formation of communities [22] . Topic modelling algorithms used to assign topics to papers and to investigate citation patterns between authors from similar and different topics fields showed close collaboration between authors working on similar topics. Also, that high profile authors do not generally co-author with one another but do closely cite each other [23] . Large scale data set studies [8, 26] solidify the notion of strong interdependence between citation and co-authorship networks. Citation exchange calculated up to a limited depth of co-authorship connections reveal large gaps in citing patterns of coauthors between natural sciences and social sciences and that the rate of self-citations is constant [26] . A detailed analysis of citation and co-authorship networks constructed from a large longitudinal data set (100 years) of publications in Physical Review journals investigated the temporal changes in citing patterns between collaborators [8] . One of the main findings of the latter was the constant nature of the fraction of self-citations and citations among co-authors with a strong tendency towards reciprocal citations.
The existing interdependence between the two networks has also helped to define sophisticated weighted measures to distribute the credit of citations between coauthors of a paper, resulting in a more efficient way to calculate authors' significance [24] . Studying the citation and co-authorship networks simultaneously not only helps in quantifying a researcher's contribution to the field [27] -network centrality measures have also proved to be important in quantifying the effect of citation and co-authorship networks on each other [28] . It has been observed that an author's (node's) centrality value in the co-authorship network is a significant factor behind the number of citations received by them [29] . Considering the effects of co-authorship networks is also important to define more sophisticated growth mechanisms for citing patterns in networks [30] . Combined co-authorship and citation networks have been used to predict new collaboration opportunities; that is, new edges in co-authorship networks [31] and also to quantify effect of authors and their affiliated institutes international collaborations and region on citations received [32, 33] by them. Studying both the networks together also helps in forming ranking measures for institutes and researchers [34, 35] in scien-tific collaboration.
Simultaneous analyses of citation and co-authorship networks have given insights into correlations between the two networks. Considering the effect of one network on the other gives a better understanding of the true nature of scientific collaborations. While earlier studies have addressed citation and co-authorship networks simultaneously and established a strong interdependence between the two, there is still scope to understand the details of correlation between these networks. In this study we build on the strong correlation between interacting pairs of authors in citation and co-authorship networks. First, we define a method which tracks the evolution of relationships between each possible author-author pair in both networks. Next, we formulate a null hypothesis for the probability of citation exchange between a pair of authors and use probabilistic analysis to compare it with empirical observation from networks constructed using the publications in the American Physical Society (APS) journals between 1970-2013. This way, we capture both macroscopic and microscopic changes in network structure and address a number of questions which are otherwise difficult to answer. 5. What is the relationship between the probability of citations and network distance?
6. What is the waiting time distribution for consecutive co-authorship events and for consecutive cocitation events?
Our analysis is based on a similar approach used by earlier studies [8, 10, 11, 20, 28, 33] . However, our method is significantly different from theirs. By tracing the interactions between all possible pairs of authors in the citation network and at all existing shortest path lengths in the associated co-authorship network, we are able to see in detail the effect of collaborations on citations and vice-versa. Our main contribution is to explain the effect of the distance in the co-authorship network on the citations exchanged between pairs of authors.
The remainder of this paper is organized as follows: Sec. II presents our methods and explains how we create the distance and citation matrices, as well as how we perform our empirical calculations. In Sec. III, we present and discuss our results. We summarize our findings and possible extension of this work in Sec. IV.
II. METHODS
For the purpose of our study, we construct a longitudinal data set of publications by Indian researchers in the American Physical Society (APS) journals between 1970 and 2013. Here we consider an author to be Indian if they have any paper with an Indian affiliation. Therefore all papers with authors having at least one Indian affiliation are included in the data set. There were 14,703 such papers [36] . For the extracted papers we performed name disambiguation on the authors names to assign a unique ID for every author. This was done to account for different naming styles used by authors over time. For naming disambiguation we use edit distance between strings to cluster similar names and then check for neighborhood overlap in the co-authorship network. Names with small edit distance and high neighborhood overlap were grouped together and manually checked for uniqueness using information from online databases. This results in 8,084 unique Indian authors.
Then, we construct bipartite graphs B = (U, V, E) for every year, from 1970 to 2013, where V is the set of papers, U is the set of authors and E is the set of edges connecting nodes from U and V . Each graph B(t) at time t is cumulative, storing all the information until time t. From each B(t) we generated weighted, cumulative, and undirected projected co-authorship networks. We also construct cumulative directed citation networks for every year using the paper IDs of Indian publications from the APS citations data set. We illustrate the process of creating theses networks in Fig. 1 . The ordering of node labels in the projected co-authorship networks is kept consistent for all calculations. Using the above graphs we construct our data matrices for co-authorship and citation networks as follows.
A. Data Matrices
In order to aid our analysis, we created two types of matrices, one for the co-authorship networks and the other for the citation networks, for each of the 44 years. The matrices have size N × N , where N = 8, 084 is the number of unique authors in the whole data set.
The elements of the first matrix type, D(t), are given by
there is a path of length d from i to j 0 otherwise , such that the matrix D(t) captures the distances between all possible N 2 pairs of authors in the network at time t. For d ij = 0, it can mean that the nodes do not exist in the network at that time or that they are not connected via any path.
The second matrix type, C(t), stores the citations exchanged between papers written by i and j until a given time t. That is, c i←j (t) is the cumulative number of times that j cites i until that particular year. To see the aging effect in collaboration between authors, we trace the history of co-authorship events. First, we extract the distance d ij = 1 collaborations at the end of the time period (i.e. edges in the 2013 co-authorship graph). Next, we trace the presence of edge between i and j (contributing authors) in reverse order. The time when the edge first appears is marked T c , which is the year of first collaboration. Then, we check for the presence of i and j in the network before T c until we find T 0 , the first year in which authors i and j both are present in the network. For all these years, the number of citations exchanged by pairs of authors, at every time step before and after collaboration, are recorded. A diagram illustrates this method of tracing the history of collaboration between pair of nodes in Fig. 2 .
In order to compare the history of citation and coauthorship for all pair of authors, we shift the time series on the x-axis of every pair to zero. That is, we adjust T c , the year of first collaboration between two authors, to 0. Out of these, we remove the pairs that had T 0 = T c . We do this to remove authors who appear in the network together with a shared publication. As these authors will not have any citing history prior to their first collaboration, we exclude them. The remaining are pairs of authors who took at least one year to collaborate after appearing together in the network.
B. Calculations
The data matrices D(t) and C(t) store the information of the distance and the citations exchanged between all possible pairs of nodes for the co-authorship and citation networks, respectively, for every time step (which is an year in our case). This enables us to calculate any changes in distance or citations exchanged from one year to another. Then, to address the research questions mentioned in the Introduction, we define our calculations based on the different situations that each possible pair of nodes present in the networks. More specifically, we calculate the following, at every time step t: (a) Correlation between citations exchanged and network distance. In order to define the probability of citation between author, we take P C ij (t) as the probability that j cites i at time t, given by
where f i c (t) is the fraction of citation i has received prior to t, and c j (t * ) is the fraction of citations j gives out in the year between t−1 and t. We also define the mean probability
We calculate f i c (t) and c j (t * ) from our data matrices according to
where
Our reasons behind this approach are twofold: (i) Popular authors (or papers) have a greater tendency to get cited (f i c (t)) -the frequently observed preferential attachment phenomenon; and (ii) if an author (paper) is giving out more citations it uniformly increases the probability of other authors (papers) getting cited (c j (t * )). It should be noted that this definition is independent of the relationship between authors in the co-authorship network. This will serve as the null model for our subsequent comparisons since it calculates probability distributions for citations without accounting for co-authorship distance.
First, Eq. (1) estimates the probability of a directed edge between authors in the citation graph, given no other information than the number of citations exchanged between authors recorded in C(t). Next, we need to define the relations to compare the empirical observations from the citation and co-authorship networks with the null model. We use Bayes' theorem to construct probability relationships. This helps us to put constraints in our observations that will help us to highlight the dependency of citations on the shortest path between authors in the co-authorship network.
Then, if T 0 is the time of first co-appearance of i and j and P (d = 1) is the probability of them co-authoring, we have
Eq. (6) is the empirical probability of observing pairs of authors connected by a path of length one, given that they exchange non-zero citations (C >0 (t)), normalized by the probability of non-zero citations for pairs at all possible shortest path lengths (Eq. (7)). Therefore for any distance d = k, we have
If we reverse the relationship using Bayes' rule, the empirical probability of observing pairs with non-zero citations between them, given they are at distance d = k is calculated according to
The denominator in Eq. (9) normalizes over pairs that either exchange citations (C >0 (t)) cite or do not cite each other (C 0 (t)) given a network distance d = k.
(a) Co-authorship events. The co-authorship networks are weighted undirected networks constructed cumulatively. Therefore, every time an author shares a paper with another one, the weight of the edge between them in the co-authorship network changes. We record the time ∆t it takes for this change to happen. We do so for all pairs of authors in the network over time. (b) Co-citation events. For every pair ij in the citation matrix C(t) we record the time ∆t it takes for a change in the value of (c ij + c ji ) over the whole time period.
With our data matrices, C(t) and D(t), and the distinct relations between citations exchanged and distance in the co-authorship networks defined, we now turn our focus to the understanding of the interdependence between the co-authorship and the citation networks. That is what we address in the next section.
III. RESULTS AND DISCUSSIONS
Using the data matrices C and D, described above, we count the number of pairs for different citation and co-authorship distance relations as the networks evolve with time. To understand the interdependence between the citation network and its associated co-authorship network we calculate the citations exchanged between pairs by splitting them into three groups:
1. D ij > 1: Pairs that are connected with a shortest path length d > 1 in the co-authorship network ( Fig. 3(a) ), 2. D ij = 1: Pairs that co-author a paper together (Fig. 3(b) ), and 3. D ij = 0: Pairs that are not connected in the coauthorship network (Fig. 3(c) ).
For each group we separately count the number of pairs of authors that do not exchange any citation (orange line in Fig. 3 ) and pairs that have non-zero citations shared between themselves (blue line in Fig. 3 ). For all cases, as the citation and co-authorship networks grow, the fraction of pairs that do not have any citations between them is larger than the the fraction of pairs that do exchange citations.
The contributions of each of the three groups defined to the total number of citations are shown in Fig. 4 . First, the light green region in Fig. 4 is the fraction of citations exchanged between pairs that have distance d > 1 in the co-authorship networks. Even though the number of such pairs is a small fraction in the co-authorship networks (blue line in Fig. 3 (a) ) they still contribute significantly to the total number of citations. Second, pairs that co-author are responsible for most of the citations (blue region in Fig. 4) , which reflects the importance of an authors' collaborators to the number of citations received. And third, disconnected pairs exchange a very small fraction of total citations between them (sky blue region in Fig. 4) , showing a decreasing trend, until it almost vanishes in the last years.
The behavior described above could be a consequence of our choice of the data set. Since we focus on a small fraction of the total number of publications (those from Indian authors) in the global APS network, authors are expected to be well connected and closely citing each other. As most of the pairs are connected by a path in a growing co-authorship network -represented by the orange line in Fig. 3(a) approaching one -and are aware of each other in the network (the decrease in the orange line in Fig. 3(c) ) the citations by distant pairs decreases. The trend in the number of co-author pairs that exchange citations shows an interesting sudden jump in the mid 1990s. We believe this trend is due to the increasing number of nodes in the co-authorship network. In the beginning there were very few nodes (authors) in the network, most of whom appeared as co-author pairs which explains the initial increase. Post 1993 (the blue line in Fig. 3(b) ) we notice a sudden increase in the number of such pairs. This sudden change is because of the introduction of papers with a high number of authors in that period. These papers lead to large cliques (totally connected sub-graphs) in the co-authorship network. Most of these papers are published by large collaboration groups often having multiple common authors in their publications and with many Indian authors being part of such groups. For example, the papers [37] [38] [39] have 351, 395, and 383 authors respectively. Even one citation shared between such papers would dramatically inflate the number of citations exchanged, due to the large size of the induced co-author cliques.
In the above calculations, we counted the total citations exchanged between the pairs in the co-authorship network for different network distances normalized by the total number of possible pairs in the co-authorship network. The citation count included both incoming and outgoing citations. To measure the response of authors to incoming citations we split our calculations in two parts. First, we calculate the average fraction of out-going citations from authors for every citation received by them. We observe that over time people tend to cite more and more articles in their work hence, we see an increasing trend in response to citations (the orange curve in Fig.  5 ). Second, we calculate the average fraction of incoming citations that an author responds to by subsequently citing the author who initially cited her (the blue curve in Fig. 5 ). When the co-authorship network is in its initial phase, with a small number of researchers, most coauthor pairs cite each other. Hence, we observe high citation reciprocity at initial times. As the network grows, the distribution of citations becomes more heterogeneous as some authors receive more citations than others (authors of influential papers receive many citations). In addition, authors that are no longer publishing cannot reciprocate anymore but still receive citations. Thus, more citations are given out than received in average, which results in a decreasing trend in citation reciprocity (the blue line in Fig. 5 ). The sudden increase in reciprocity in the mid 1990s is due to the citations exchanged between papers with a large number of authors, which, as aforementioned, started to appear around that time.
So far, our observations give a macroscopic understanding of the interdependence of simultaneously growing citation and co-authorship networks. To probe that 
Avg. Response by Authors
Response to Citing Authors Response to Citations Received   FIG. 5 The increasing mean probability for authors to give back a citation for every citation they receive (orange squares) indicates the tendency of authors to cite more, i.e. longer reference list. On the other hand, the decreasing mean probability for authors to cite back someone who cited them in the past shows the aging effect in mutual citations.
further, we make more elaborate calculations to see the effect of co-authorship network distance on the citations exchanged. In the interest of this objective we ignore pairs that do not exchange any citations (orange line in Fig. 3 ) from our subsequent analysis.
The number of citations exchanged by pairs of authors ij at distance d ij in the co-authorship network decreases rapidly with increasing co-authorship distance (Fig. 6) . We plot this relation for networks at different times (1990, 2000, and 2013 ) to show that the trend is consistent as the network evolves. The average citations between pairs (Fig. 7(a) ) displays significant difference in the temporal trends for different network distances. For direct collaborations (pairs with d ij = 1), the rate of citation exchange increases with time, more rapidly after 1995. This is likely due to a sudden increase in the number of collaborators (as seen by the change in the average degree of nodes in Fig. 7(b) ). The average number of citations differ roughly by an order of magnitude for co-authorship distances of d ij = 1, 2&3; for larger distances (d ≥ 4), the average number of citations exchanged are very low, with similar trends, as show in Figs. 7(a) and 7(a) (inset) .
The change in the strength of collaboration between two authors i and j is measured by the total citations exchanged between i and j (scatter plot Fig. 8(a) ) before and after the period T c of first collaboration (black line in Fig. 8(a) ). This includes cases where i and j cite their own previous papers. Co-author pairs exhibit an interesting citing pattern -the number of citations shows a steep rise after the first co-authorship event and then decays with time, indicating an aging effect.
Interestingly, the peak for this distribution is within five years of T c . When averaged over all times, we notice that the decaying trend is well fitted by a Weibull distribution,
b , as was noted in [16] . Next, we calculate the waiting time (∆T ) distribution for consecutive citations between pairs of authors and for consecutive co-authorship events. Both follow a similar trend (Fig. 9) with the majority of co-authorship and citation events (95%) happening within the first five years of the initial event (black dotted line in Fig. 9 ).
Finally, we calculate the empirical probabilities of authors acquiring citations, firstly with the null model (Eq. (1)) and subsequently with the empirical probabilities derived using Bayes' formalism (Eqs. (6-9) ). The latter accounts for co-authorship distance in determining the probability of citations exchanged between pairs (Fig.  10) . We notice that the null model, which is proportional to popularity of the author (paper), and the number of citations given out by the citing author (paper) are not sufficient to explain the observed behavior of citation exchange. The citing patterns significantly differ for different network distances between author pairs. The probability of citations between pairs at d ij = 1 (blue line in Fig. 10) closely follows the null model, while pairs at greater distances significantly differ from it. From this we infer that most of the overall citation behaviour is explained by only considering those citations that come directly from co-authors with d ij = 1. This is also made evident by the blue region in Fig. 4 where citations from co-authors contribute to most of the total number of citations. Distinct probabilities of citations at different co-authorship distances (Fig. 10 ) and the decay in average citations with higher network distances (Fig. 6 ) indicate an interdependence between citing patterns and co-authorship network distances, hence confirming our hypothesis. By splitting our analysis into different research questions, we were able to explore both macroscopic and microscopic trends in citing patterns between authors as they appear in the associated co-authorship network.
In our macroscopic approach we first count connected pairs, co-authors and disconnected pairs in Fig. 3 and their contributions to total citations exchanged in Fig. 4 to find that
• Very small fraction of pairs are connected with distance d ij > 1 in the co-authorship network but still have a significant contribution to overall number of citations.
• Co-authors are a very small fraction of the total possible number of pairs but account for most of the citation exchanges observed.
• Disconnected pairs contribute to citations in the beginning of the network, but their contribution becomes negligible as the network grows and becomes more connected.
Besides interactions between pairs, we also investigated the average probability of an author citing back an author that has cited her (the blue line in Fig. 5 ) and the average probability of an author giving back a citation for every citation received (the orange line in Fig.  5 ). The trends indicate that while, over time, the ratio of outgoing to incoming citations per author has increased. However, the ratio of pairwise outgoing citations that reciprocate citing authors decreases over time. In Fig. 8 , the plot of citations exchanged between authors exhibits a sudden increase when they co-author a paper and then decays, which is consistent with the aging effect in citations and collaboration reported by earlier studies. A similar effect is observed in Fig. 9 where 95% of consecutive co-authorship and citation events happen within the first five years of an initial co-authorship event.
On the other hand, in microscopic calculations, we first calculate the average citations shared between author pairs at all possible network distances for networks at different points in time (Fig. 6 ) and for all time steps (Fig. 7 -plotted only up to d = 5 for clarity). The number of average citations shows a steep decay up to d ≤ 3 and then is almost stable for longer distances. That is, pairs that are more than distance three apart in the coauthorship network have a similar (and minimal) effect on citation patterns. To confirm the interdependence between citation networks and the associated co-authorship network we formulate a null model for the probability of an author j citing author i in Eq. (1) and then using Bayes' formalism (Eq. (6-9)) we explicitly show that the null model is indeed insufficient to explain the citing patterns. There is a significant effect caused by the distance between pairs of authors in the co-authorship network over their citing patterns. The effect being most dominant for immediate co-authors (Fig. 10) .
IV. CONCLUSION
The main contribution of this study lies in a rigorous and a comprehensive analysis that probes the relations between the distances in the co-authorship network and the citation patterns in the citation network. We do this for all possible pairs of researchers from the citation and co-authorship networks constructed. For all pairs of authors, we observe the number of citations exchanged between them as a function of distance in the co-authorship network, as it evolves over time. We find that co-authors dominate the citation patterns in our networks. The remainder of the citations were mostly between pairs that have a short (d ≤ 3) connected path in the co-authorship network; the average number of citations exchanged decaying with increasing distance. Pairs with distances d > 3 have a relatively small contribution to the citations. Disconnected pairs of authors make a small contribution to the citations in the initial years of the network but quickly become almost negligible, as the network grows to be more connected over time. We also highlight the underlying aging effect in mutual citations and collaborations.
Most of the citations are accounted for within three degrees of separation in our data set. This indicates that authors mostly cite their co-authors and the collaborators of their co-authors. Since we study researchers affiliated to Indian institutes these citations exchanged would be between authors working in similar research topics with a likely connection in the co-authorship network. In short similarity in research topic and affinity towards close collaborators would be the major effects driving the citation patterns in our case. However as some authors (or papers) gain more citations over time the dynamics for the top cited authors (papers) are likely to differ from those of the majority. In such cases, distant or disconnected authors will also have a significant contribution to the total number of citations of the author (or paper). Therefore to measure the impact of a paper with respect to citations received we should have measures that account for this possible bifurcation in citing patterns.
The main advantage of our data set was in calculating pairwise interactions. Even so, we realize that our data set is not completely comprehensive, as it considers only Indian authors and APS publications, hence our results might show small variations when calculated for larger data sets. However, we believe that this difference should not be considerably large, assuming that pairwise interactions between authors would be similar irrespective of the size of the network.
We reflect on the opinion that most real-world networks can be viewed as interdependent multi-layer networks, with networks of scientific collaborations as an example of this. This interdependence is critical when studying the dynamics of such networks. Our analysis explicitly shows that connected paths in one network (coauthorship) impact the structure of the other (citation). Dominance of pairs close in distance highlight the importance of an authors' neighborhood in her citing patterns which, in turn, can be used to explain the patterns in flow of ideas and information in the scientific ecosystem. Results from this study can be used in the development of more sophisticated models to investigate the spread of scientific knowledge. We believe that to understand the true nature of research collaboration, it is important to consider both co-authorship and citation networks simul-taneously.
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